ABSTRACT Cyber-physical-social system (CPSS), an integration of cyberspace, physical space, and social space, has revolutionized the relationship between human, computers, and physical environments. Electrical cyber-physical system integrating human behaviors and interactions is a typical CPSS, and the study of electric vehicles (EVs) charging and discharging in the CPSS has become a research hotspot due to its environmental advantages and social benefits. This paper focuses on simultaneously optimizing the power load stability and the total cost of vehicle owners in the CPSS. First, the optimal scheduling problem is formulated as a multi-objective optimization problem with system's technical constraints, and then a hierarchical optimal algorithm is proposed to solve the problem. The convergence analysis of the proposed algorithm is presented to ensure its optimal performance. Further, this paper combines the proposed algorithm with a moving horizon method to deal with the EV owners random arrival and departure case based on the owners' convenience and preferences. It shows that the proposed algorithm not only enhances stable performance of the power load but also improves satisfaction of the vehicle owners in the CPSS framework integrating power grids, energy consumption areas, and social components. Numerical simulations are presented to demonstrate the effectiveness of the proposed algorithm.
I. INTRODUCTION
Electrical cyber-physical systems (ECPSs) [1] bridge the gap between the physical power network and the cyber information network, but placing human factors outside the system boundary. With human social characteristics taken into account, a concept of cyber-physical-social system (CPSS) has been proposed, and a combination of ECPSs and social networks is a representative CPSS [2] , [3] . By incorporating influences of human beings and the interactions of social networks into the system, a smart home cleaning scenario is applied in the CPSS that distinguishes three main levels for the system resource interaction: physical level, planning level, and strategic level [4] . As the influences of humans, organizations, and societies are brought into the system, the corresponding CPSS is a more complex system with The associate editor coordinating the review of this manuscript and approving it for publication was Dongxiao Yu. strong uncertainties and nonlinearities [5] . Many problems in the CPSS can be mathematically modeled as optimization problems, and some of them are multi-objective optimization problems, such as the optimal scheduling problem of electric vehicles (EVs) charging and discharging [6] . As an urban transport mode making mobility greener and more efficient, EV is gaining increasing attention from academia, automotive industry, and governmental organizations [7] , [8] . However, the large penetration of EVs without coordinated scheduling may result in new peaking hours for the power grid and a low satisfaction of the vehicle owners for the scheduling in the CPSS.
To cope with these challenges, a lot of research has been done on EVs charging and discharging scheduling problem. Quick charging [9] , zone charging with priorites [10] , and vehicle-to-grid (V2G) [11] techniques have been widely studied and developed. Among these methods, demand side management (DSM) shows tremendous promise, which controls the timing and rate of EVs charging and discharging while the consumption patterns of electricity and driving habits of human beings are taken into account to match current capabilities of power grids [12] . References [13] and [14] cope with the peak shifting and valley-filling problem via controlling the charging and discharging of a large number of EVs. In [13] , an iterative water-filling-based algorithm is proposed to solve the optimal scheduling problems, which is formulated as a mixed discrete programming problem. However, the authors of [13] aim at flattening the total power load curve only without the total costs of vehicle owners taken into account. In [14] , a game-theoretic approach is developed to coordinated discharging and charging of EVs, and the results show that the unique Nash equilibrium minimizes electricity generation costs. Nevertheless, the work [14] focuses on achieving the global minimization of the total costs for the owners without providing load-shifting service for the power grid. In addition, [13] and [14] treat the objective of EVs charging and discharging scheduling problem independently: either shifting the power load or minimizing the total costs of the vehicle owners.
In order to optimize these two aspects simultaneously, [15] formulates a multi-objective optimization problem for a population of EVs charging in a smart grid scenario, and proposes a weight aggregation particle swarm optimization to achieve the optimal solution. In this work, both of the load fluctuation of power supplier and the revenue loss of consumers are optimized. Nevertheless, the proposed method in [15] is performed in a centralized manner laking of adaptability and scalability. Decentralized or distributed control algorithms are deemed as a desirable alternative [16] , [17] . Motivated by this consideration, a non-cooperative game approach is applied in [18] to maximize individual utility function independently for a group of EVs in a vehicleto-building scenario, in which the valley filling and peak shifting are achieved as well. However, the work [18] does not consider a more practical case where the vehicle owners may arrive or leave randomly. To deal with this situation, a moving horizon method is proposed in [19] in a smart grid scenario. However, again, the proposed method in [19] aims at solving the optimal load-shifting problem (single-objective optimization problem) only. A locally optimal scheduling scheme is proposed in [20] with load shifting and minimal total cost achieved based on the future base loads and the arrival times of the EVs. However, this work loses sight of the important role of the owners' behaviors and interactions in social networks, such as the willingness of the owner for charging and discharging, which may not guarantee the owners' satisfaction in the CPSS framework.
In this work, we point out that there are two key indicators determining the performance of the CPSS for the EVs charging and discharging scenario: the power load stability and the satisfaction of the vehicle owners. The power load stability means that power grids in the cyber level should be able to withstand a wide variety of disturbances such as renewable power integration and flexible EV loads penetration.
These disturbances in the form of total demand load changes occur continually in the physical level, requiring that power grids adjust the changing conditions of the power load to enhance the stability. On the other side, an attractive goal of the CPSS is to provide a variety of power grids services, e.g., EVs energy can be stored for regulation reserve and peaking capacity utilizing the flexible charging and discharging time span of EVs. These services is able to reduce charging costs or make profits for the vehicle owners while discharging in turn, improving their low-cost satisfaction at the social level. Accordingly, this paper focuses on simultaneously optimizing the power load stability and the vehicle owners costs, with consideration of random arrival and departure times based on the owners' convenience and preferences in the CPSS framework. The key technical contributions made in this work are summarized as follows. 1) A system-level CPSS framework integrating power grids, energy consumption areas, and social components is modeled for the EVs charging and discharging scenario. This paper leads a new research perspective for studying EVs charging and discharging with consideration of the vehicle owners' behaviors and interactions in the CPSS framework. 2) A mathematical structure of the multi-objective optimization problem is employed to formulate the optimal scheduling problem for EVs charging and discharging. In detail, this structure investigates the power load stability and global minimization of the vehicle owners costs under system's technical constraints. 3) A hierarchical optimal algorithm is proposed to solve the multi-objective optimization problem and the convergence analysis of the algorithm is given. Moreover, this paper combines the proposed algorithm with a moving horizon method to deal with a more practical situation, where the EVs arrive and leave randomly based on the vehicle owners' convenience and preferences, which can guarantee their satisfaction in the CPSS framework. The remainder of this paper is organized as follows. System models, including the system-level CPSS framework, communication network for the CPSS and EV charging and discharging model are established in Section II. The description of the vehicle owners' behaviors and the multi-objective optimization problem formulation are given in Section III. In Section IV, we show our main results including problem decomposition, the proposed hierarchical algorithm, convergence analysis, and the hierarchical algorithm with moving horizon method. Numerical simulations are presented to demonstrate the effectiveness of the proposed algorithm in Section V. Section VI gives the conclusion and states future work.
II. SYSTEM MODEL A. CPSS MODELING
We consider a system-level CPSS framework for the EV charging and discharging scenario, involving three main VOLUME 7, 2019 FIGURE 1. Overall framework of a system-level CPSS. levels for the system interaction: cyber level, physical level and social level. For the cyber level, the power grid acts as energy provider and the control center sends control messages based on the electricity demands. For the physical level, there are several energy consumption areas composed of aggregators, a population of EVs, and a functional district, e.g., a commercial building, a power plant, or a housing district, similar to the structure [21] . The aggregator in an area used for communication with low cost and high reliability. Each area is connected to others by power lines and one area is treated as the basic unit of the physical level in the sense that all the electricity demands in the area constitute aggregated loads of the entire power grid. The radial architecture between the cyber level and the physical level features a strong adaptability and scalability for the EVs penetration. For the social level, EV owners interact with others through smart devices (e.g., smart phones, laptops, U-home [22] , etc,.) in heterogenous social networks, which enables them to communicate with their neighbors thus forming a coalition to enlarge their common benefits. Fig. 1 illustrates the EV charging and discharging scenario in the system-level CPSS framework, where both power flow and signal flow are displayed.
B. COMMUNICATION NETWORKS MODELING IN CPSS
To model the communication network for EVs charging and discharging in the CPSS framework, the topology between the cyber level and the physical level is modeled as a star network using cellular communication systems with a high reliability. The control center in the cyber level is the central node and the aggregators in the physical level are the leaf nodes. With the development of communication networks, the cellular communication system used in the CPSS has a capability of replacement in nodes failure cases to ensure the network work [23] . In the downlink, the control messages, such as price signals, are broadcast from the control center to aggregators using cellular communications systems. Then the aggregator delivers the messages to the EVs using wireless local area network (LAN) communications systems with high security and favourable extensibility. Due to the advancement of smart devices, each vehicle owner equipped with an energy charging scheduling (ECS) [24] at the social level is able to communicate with its aggregator and neighbors forming a coalition to expand their common benefits. In the uplink, the vehicular sensing data (e.g., initial SOC, desired charge level, etc.) are uploaded in a reverse way to aggregators and then to the control center accordingly.
The digraph is adopted to depict the communication topology of the coalition for the social level. Let k = 0, 1, · · · , N − 1 denote the time index and G(k) = V, E(k) denote the digraph at time k, where V is the set of EV owners and E is the set of edges. For an EV owner i ∈ V, its in-neighbors and out-neighbors at time k are denoted by
The in-degree and out-degree of EV i are denoted by d
where |·| denotes the cardinality of a set. With the deployed ECS, we shall assume that the topology for the owners in the coalition is strongly connected. That is there is a path between any two EV owners in the coalition. Fig. 2 illustrates the communication architecture of the system-level CPSS framework for the EV charging and discharging scenario.
C. EV CHARGING AND DISCHARGING MODELING
Suppose that each EV in the CPSS framework uses Lithiumion batteries. All EVs can serve not only as electricity consumers when charging their batteries under a grid-to-vehicle (G2V) approach, but can also play the role of a distributed storage system that enhances the operation of the grid under a V2G approach. For an EV i ∈ V over N -period horizon in an area, the power flow between EV i and grid at time k, denoted by x k i , is The modified parts included the control signal flow 76756 VOLUME 7, 2019 restricted as
wherex in i (kW ) is the maximum charging power and −x out i (kW ) is the maximum discharging power of the i-th EV. The state of charge (SOC) at time k of the i-th EV, denoted by s i (k)(%), is the charging level of the battery, which is given by
where T is the sampling interval; C max i (kWh) is the capacity of battery energy of the i-th EV and
∈ (0, 1) denote the coefficient of charging and discharging of the i-th EV, considering the energy loss during charging and discharging of the battery.
The desired SOC is set by the EV owner, denoted by s * i , which is the target SOC at time N and follows the equality constraint:
where
, where s ands are the minimum and maximum SOC. To prolong the lifespan of the battery, it is recommended that the SOC is kept in the rage from s = 20% and s = 85% [25] .
III. PROBLEM FORMULATION A. EV OWNER BEHAVIOR DESCRIPTION
The CPSS taking human social characteristics into account is fundamentally different from traditional electrical power system. The behaviors and interactions of the vehicle owners have a close relationship with the cyberspace and physical space. For example, the EV owners can discharge their batteries utilizing EVs' flexible discharging time span with the V2G technologies. However, discharging may shorten batteries' service life and the owners may not be willing to perform the discharging scheduling to provide the ancillary services for the power grid, unless they are stimulated with sufficient benefits, such as reducing charging costs or making discharging profits, to guarantee their satisfaction.
In the system-level CPSS framework, we use the price model to describe the owners' behaviors during coordinated charging and discharging of EVs. The charging cost of buying an x k i (x k i > 0) unit of energy from the power grid is denoted by h(x) as
where ω h,i is the willingness of the owner for charging; is the predefine probability that reflects the owner's preference, and
The discharging revenue of selling an x k i (x k i < 0) unit of energy to support the power grid is denoted by g(x) as
Denote the incremental function of g(x) by g (x) such that
The following assumption is made for the price model.
Inside an area, we assume that:
ii) For i-th EV and j-th EV at time k,
The positive parameters α k i and β k i in (4) and (6) are coefficients used for adjusting h(x) and g(x) to satisfy Assumption (i), which can ensure that the power grid can make profits while providing energy. From Assumption (ii), one derives that a same set of coefficients α k i and α k j are used for the sake of fairness over charging. For discharging, the coefficients β k i and β k j are different because of the varying maintenance expenses of the batteries for the EV owners.
Remark 2: In the CPSS framework, it can be inferred that the owner with a less initial SOC level will have a higher willingness for charging and a lower charging price, due to the fact that the power grid encourages the owner to charge his batteries in valley hours. However, the owner with a higher initial SOC level will have a higher willingness for discharging and higher discharge benefit, due to the fact that the power grid encourages the owner to discharge his batteries in peak hours.
B. PROBLEM FORMULATION
In this paper, we focus on a multi-objective optimal scheduling for EVs coordinated charging and discharging in the system-level CPSS framework. In detail, the cyber level aims to stabilize the electricity load profiles for the power grid via controlling the aggregated power between the EVs and the grid. On the basis of that, the physical level aims to achieve the global minimization of the total costs by allocating the aggregated power to a group of EVs, while satisfying the owners' requirements for their EV to be charged to the required level by the specified time. Since it is often the case that peak load occurs before the valley load at night [26] , this paper shall assume that the EVs discharge their batteries when in peak load hours, and charge when in valley load hours. Thereby, we want to find a time threshold k † , such that the EVs discharge during [0, k † − 1] and charge during [k † , N − 1], and then to find the optimal scheduling for EVs charging and discharging.
Motivated by this consideration, let s min denote the target SOC at the end of the discharging stage and there are n EVs in an energy consumption area, labelled from 1 to n of a set V. We divide the set V into two subsets: V 1 = {i|s i (0) > s min } containing n 1 EVs and V 2 = {i|s i (0) ≤ s min } containing n 2 EVs. The multi-objective optimization problem for coordinated charging and discharging of EVs in the system-level CPSS framework is formulated as follows.
•
-Equality constraints on
-For the objective functions with different priorities, we express them as
where x k i , s min and k † are the optimization variables. F(x) is the cost function of the optimal load shifting problem aiming to stabilize the electricity load profiles over N -period horizon. The base load demands (non-EV) of an area are denoted by q k , ∀k = 0, · · · , N − 1, which are known to the control center. G(x) and H (x) are the total discharging revenues over [0, k † − 1] and the total charging costs over
Remark 3: The objective of the multi-objective optimization problem is to seek a time threshold k † , before and after which the EVs only discharge and charge. By introducing a new variable s min , for EVs in subset V 1 , they involve in both charging and discharging stages. However, for EVs in subset V 2 , they are only involved in the charging stage
In the multi-objective optimization problem (8)- (11), the objective functions with different priorities prompt us to decompose the problem into single-objective optimization problems under the system's constraints. When only F(x), G(x) or H (x) is considered, the inequality priority constraint on objective functions becomes redundant, making the multi-objective optimization problem easier to solve.
IV. MAIN RESULTS
In this section, we first decompose the multi-objective optimization problem into single-objective optimization problems with respect to the objectives' priority under the system's constraints. Then, we propose a hierarchical optimal algorithm to solve the decomposed optimization problems and the convergence analysis for the proposed algorithm is given. Finally, a more practical case is considered in the system-level CPSS framework, where EV owners arrive and leave randomly based on their convenience and preferences. For this practical situation, the hierarchical algorithm with a moving horizon method is presented.
A. PROBLEM DECOMPOSITION
Based on the priorities of the objective functions, we decompose the multi-objective optimization problem into four single-objective optimization problems with respect to the charging and discharging stages of EVs. From the equality constraints (10), we have
which are equivalent to
A new variable d k representing the aggregated power between the EVs and grid at time k is introduced for decomposition as:
Combining (13) and (14), the multi-objective optimization problem is decomposed as following single-objective optimization problems.
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• Optimal Load Shifting Problems with a Higher Priority 1) For the discharging stage:
2) For the charging stage:
where k † , s min and d k are the optimization variables of (15) and (16) .
• Total Costs Minimization Problems with a Lower Priority 1) For the discharging stage:
where x k i are the optimization variables of (17) and (18) . Remark 5: Due to the introduction of the new variable d k , the multi-objective optimization problem is decomposed into the optimal load shifting problems and the total costs minimization problems, which are convex optimization problems: the cost functions are differential convex, and the constraints are convex and also impact [27] . Therefore, there exists optimal solutions for the decomposed optimization problems under system's constraints.
B. HIERARCHICAL OPTIMAL ALGORITHM
Now we present a hierarchical optimal algorithm to solve the decomposed optimization problems (15)- (18) . Specifically, the iterative water-filling-based algorithm is applied to solve the optimal load shifting problems (15) and (16) , and the consensus-based optimization method is utilized to solve the total costs minimization problems (17) and (18) .
1) ITERATIVE WATER-FILLING-BASED ALGORITHM
The basic idea of the iterative water-filling-based algorithm is to acquire the optimal time threshold k † . Then the variables s min and d k are to get. The iterative water-filling-based algorithm is presented as follows.
Step 1: Set s min = s for initialization.
Step 2: Using the decentralized water-filling-based algorithm in [28] to solve the following problem:
Denote by (d k,in ) * the optimal solution to (19) . After convergence, the control center will acquire a time stamp k in such that
Denote the corresponding water level of k = k in by γ in such that
Step 3: Using the decentralized water-filling-based algorithm in [28] to solve the following problem:
Denote by (d k,out ) * the optimal solution to (22) . Since only the EVs in subset V 1 are involved in discharging, we set d k,out = 0 for i ∈ V 2 . After convergence, the control center will acquire a time stamp k out such that
Denote the corresponding water level of k = k out by γ out such that
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Step 4: Comparing two water levels γ in and γ out . According to the nature of water-filling, one derives that judging whether γ in ≤ γ out is equivalent to judging k in ≥ k out . 1) If k in ≥ k out , then the following solution is optimal to problems (15) and (16) as
and
2) If k in ≤ k out , a new auxiliary variable
is used for iteration. We set s min = δ and rerunning step 2 and step 3. After that, updates s,s and δ by
Rerunning above iteration process until γ in = γ out , then the following solution is optimal to problems (15) and (16) as
Remark 6: The iterative water-filling algorithm has been applied to solve a mixed discrete programming problem in a smart grid scenario [13] . However, our work is quite different from [13] both on the optimization variables and constraints. By introducing the new variables d k for decomposition, the optimization variables in this paper are not single EV's power flow but the aggregated power between the EVs and grid. The constraints are evolved into the corresponding inequality and equality forms, making the optimal load shifting problems more difficult to solve than that in [13] .
2) CONSENSUS-BASED OPTIMIZATION METHOD
The consensus-based optimization method is proposed in our previous work [29] , in which the global minimization of dynamic resource allocation problem is achieved using this method. The definition of the updated variables (i.e., λ k i , s k i , and ϕ k i ) for iteration can be referred to [29] . Based on the derived optimal time threshold k † , the consensus-based optimization method are performed independently with respect to the discharging and charging stages, which is interpreted as follows.
Step 1: Initializing the variables to be updated through the equations (31) and (36).
Step 2: Let each EV i at time k have its own copy of the Lagrange multiplier to satisfy the aggregated power equality constraints in (17) and (18), and update the Lagrange multiplier such that all Lagrange multipliers reach consensus at
Algorithm 1 Consensus-Based Method for EVs Discharging
2.
5. end for
9. end for 10.
k=0 s k i (t + 1)| = 0 then 16. break 17. end if 18.end for the optimal value according to the consensus-based iterations (32) and (37);
Step 3: Let each EV i have a dual multiplier to satisfy the target SOC equality constraints in (17) and (18), and update the dual multiplier according to the consensus-based iterations (33), (38) and (39).
Step 4: Mapping the estimated power state of EV i at time k into the interval [−x out i , 0] and [0,x in i ], respectively, according to the nonlinear projections (34) and (40);
Step 5: Due to the nonlinear projection, the estimated power state may not be a feasible solution to (17) and (18).
Algorithm 2 Consensus-Based Method for EVs Charging
9. end for (41), in which the surplus variable can be averaged with its neighbors.
Step 6: Rerunning step 2 to step 5 until the sum of all surplus variables converges to zero.
These iterative processes for discharging and charging of EVs are summarized in Algorithms 1 and 2, respectively.
Remark 7: The proposed hierarchical algorithm combines the iterative water-filling-based algorithm with the consensus-based optimization method together, in which the solutions of the iterative water-filling-based algorithm are used in the consensus-based optimization method. Using the proposed hierarchical algorithm, the single-objective optimization problems are solved successively and efficiently, which is suitable for the system-level CPSS framework.
C. CONVERGENCE ANALYSIS
Now we present our result about the convergence of the proposed hierarchical algorithm.
Theorem 1: The solution for the MOOPP given by the hierarchical algorithm is optimal if
1) conditions (20) and (23) (20) and (23) hold and k out ≤ k in , then the iterative waterfilling-based algorithm converges to the unique optimal solution to problems (15) and (16) . For the proof of Lemma 1, the following lemma is needed.
Lemma 2: The optimal solution to problem
is not subject to the ideal flat power curve ξ . Proof: It is verified that
if and only if the aggregate power curve
is flat over k, and ξ is given by
In addition, one derives that
Note that the third term (i.e., sum of the base load) is known to the control center and it can be regarded as a constant. Combining (43), we rewrite (44) as
Hence only the constant term of the cost function is controlled by the ideal flat power curve ξ . This establishes Lemma 2. Now we prove Lemma 1.
Proof: By contradiction, the proof is divided into two parts. For the first part, we prove that k † is optimal. Then, we prove that s min is optimal.
We assume that there is a k ‡ such that k ‡ < k out which makes the cost function lower than k † does. Define
Thus, the cost function F(x) in (8) is equivalent to F(d, 0). From Lemma 2, the cost function F(d, 0) can be replaced by F(d, γ out ) without making any difference with the optimal solution. We divide the N -period horizon of discharging and charging of EVs into three intervals:
, using the decentralized water-filling-based algorithm [28] to solve (15) with k † replaced by k ‡ . Let (d k ) ‡ denote the optimal solution with k ‡ . The discharging time periods of EVs is shrunk in this interval and the solution is still optimal, there must exist some k such that
which implies that
Based on the nature of inverse water-filling principle for k ∈ [0, k ‡ ], there exists some time k such that
Thereby, we have
2) For the interval k
On the other hand, we have
. (56) Based on inverse water-filling principle for k ∈ (k ‡ , k in ], there exists some time k such that
It follows that
Following the water-filling principle in [28] , we have
In combination with (52), (59), and (63), we have
which contradicts the assumption at the beginning of the proof. Following the contradiction analysis, there is no k ‡ > k in such that the cost function in (15) is lower than k † does in the process of charging of EVs. Hence k † is optimal.
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For the second part proof, we prove that s min is optimal by contradiction as well. It is assumed that there is a s § such that s § > s min which makes the cost function in (16) lower than s min does. Let (d k ) § denote the optimal solution with s § . In this part proof, the cost function is replaced with F(d, γ out ) as well. The corresponding time stamps are denoted by k §,out and k §,in . The water levels are denoted by γ §,out and γ §,in . With the assumption of s § > s min , EVs release less power into the power grid. Following the water-filling principle in [28] , we have
Using the contradiction analysis similar to the first part proof, we have
contradicting the assumption at the beginning of the second part proof. Following the contradiction analysis similar to s § > s min , there is no s § < s min such that the cost function in (16) is lower than s min does. Thereby, s min is optimal. To sum up, the iterative water-filling-based algorithm converges to the unique optimal solution to problems (15) and (16) . Lemma 3 is about the optimal consensus-based iteration for dynamic resource allocation problem [29] .
Lemma 3: The consensus-based method is stable and all the variables converge to the optimal solution if the positive constant out and in are sufficiently small.
Proof: See the proof of Theorem 1 in [29] . Now we give the proof of Theorem 1.
Proof: From Lemma 1, we conclude that the iterative water-filling-based algorithm converges to the unique optimal solution to the optimal load shifting problems. Meanwhile, the solution for the total costs minimization problems is optimal when the positive constant out and in following Lemma 3. These establish Theorem 1.
Remark 8: By introducing the new variables d k , it can be inferred that the optimal solution of (15) and (16) is used for solving (17) and (18) . With that in mind, for the convex optimization problems with priorities [30] , we point out that the solution to (17) and (18) given by the consensusbased method is optimal based on the optimal solution to (15) and (16) given by the iterative water-filling-based algorithm.
D. HIERARCHICAL ALGORITHM WITH MOVING HORIZON
The proposed hierarchical algorithm assumes that all EVs have the same entry and exit times, which may be unrealistic in practice. In this subsection, a more practical case of EVs random arrival and departure is considered to guarantee the satisfaction of the vehicle owners and a hierarchical algorithm with a moving horizon method is developed for this case. By [19] , moving horizon method means that calculating the optimal control sequence but only executes the first control sample. Then, the optimization horizon is shifted one sample and the new optimization is restarted with new information of the measurements subsequently.
For the EVs random arrival and departure case, the decomposed optimization problems need adjustments both on objective functions and constraints as follows.
• Evolved Optimal Load Shifting Problems with a Higher Priority 1) For the discharging stage:
where t is the present time of the optimization start; k † (t) is the optimal threshold before and after which the EVs only discharge or charge when the optimization starts at time t; s i (t) is the SOC at time t of EV i; K (k) = max(K i ) and K i is the optimization horizon of the i-th EV. Note that not until a new EV arrives with a late entry time can K (k) change.
• Evolved Total Costs Minimization Problems with a Lower Priority 1) For the discharging stage:
To deal with the evolved online optimization problems (69)-(72), the hierarchical algorithm with moving horizon method is presented in Algorithm 3.
Algorithm 3 Hierarchical Algorithm With Moving Horizon Method
Do the iterative water-filling-based algorithm, the consensus-based method for EVs charging and discharging based on the given t and
end while
Remark 9: Combining the hierarchical algorithm and the moving horizon method, Algorithm 3 is optimal for a given start optimization time t and an optimization horizon K i , due to the fact that Algorithm 3 can be regarded as solving an online optimization problem over [t, max(K i )]. Theoretically, the convergence of Algorithm 3 occurs asymptotic depending on the positive parameters out and in . Moreover, the optimization variables are updated at each time k. But in order to reduce the computational burden, we update them only if another EV arrives or the base demand changes in practice.
V. SIMULATION EXAMPLES
In this section, the effectiveness of the proposed hierarchical algorithm is verified through numerical simulations. First, a simulation of low-level penetration with four-EV network is given. Then, a high-Level EV penetration with ten EVs and thirty EVs is considered. Finally, a practical case where the EV owners arrive and leave randomly is taken into account to show the desirable performance of the hierarchical algorithm with moving horizon method.The proposed algorithms are tested in the MATLAB environment on the computer with Intel Core i7-6700 processor and 16 GB DDR3 memory. 
A. LOW-LEVEL EV PENETRATION WITH FOUR EVS
In this example, we consider a low-level penetration with four heterogenous EVs in the residential area. It is assumed that the starting time of all EVs is 1 and the ending time is 84, corresponding to 19:00 to 7:00 (next day). The sampling interval T = 8.5714 min. The predefine probability = 0.83. We set s min = s = 20%, s * i = 85% and in = out = 0.35. Other parameters for this simulation are given in Table 1 .
In Fig. 3 , we can see that the EVs first perform discharge scheduling from 1 to 23 and then perform charge scheduling from 42 to 84 using the proposed algorithm. The water level of the charge stage via coordinated charging and discharging EVs is higher than that via charging EVs only, resulting the total power load curve more flat. Fig. 4 plots the error norm ||x(t)−x * || with respect to the iterative steps which gradually converges to zero, demonstrating that the consensus-based method works well for this scenario. Fig. 5 shows the daily energy payments with and without coordinated scheduling of EVs. Without coordinated charging scheduling, EV owners charge their batteries with maximum power as soon as they arrive. As can be seen from Fig. 5 , the owners achieve the lowest daily energy payment under coordinated charging and discharging scheduling.
B. HIGH-LEVEL EV PENETRATION WITH TEN EVS AND THIRTY EVS
In this example, a general case that high-level EV penetration with ten EVs and thirty EVs is considered. We set in = out = 0.4. The simulation parameters of ten EVs are given in Table 2 and other parameters are the same as those in subsection A. Thirty EVs are regarded as three groups of ten EVs.
From Fig. 6 , the regulated total demand curve turns into a straight line using the coordinated charging and discharging scheduling, performing better than the charging scheduling only. Fig. 7 shows the error norm ||x(t) − x * || converges to zero as the iteration proceeds, implying that the consensus-based method achieves the desirable performance. Compared with uncoordinated charging scheduling, coordinated charging and discharging scheduling reduces the EVs daily energy payments obviously (see Fig. 8 ), due to the fact that discharging the batteries can make profits for the EV owners, which can encourages them to participate in the coordinated charging and discharging scheduling.
C. HIGH-LEVEL EV PENETRATION IN A RANDOM ARRIVAL AND DEPARTURE CASE
In this subsection, to demonstrate the validity of Algorithm 3, we consider a practical case of EVs random arrival and departure. We set in = out = 0.3. The simulation parameters are given in Table 3 and other parameters are the same as those in subsection B. Fig. 9 illustrates that the aggregate power curve can be flattened to the maximum extent even if the EVs of No.5 to No.10 arrive later and the EVs of No.6 to No.8 leave earlier. From Fig. 10 , we can see that the error norm ||x(t) − x * || converges to zero as the iteration proceeds for this case. Compared with other two modes operation of EVs, the coordination of charging and discharging achieves the lowest daily energy payments (see Fig. 11 ), which not only reduces the total costs of the owners to improve their low-cost satisfaction but also provides the load-shifting service for the power grid to enhance the stability of the power load.
VI. CONCLUSIONS
In this paper, we focus on optimizing the power load stability and the total costs of vehicle owners for EV charging and discharging scenario in the system-level CPSS framework. In view of this scenario, a multi-objective optimization problem considering the behaviors of EV owners is formulated.
To solve this problem, a hierarchical optimal algorithm is proposed, in which the iterative water-filling-based algorithm and the consensus-based optimization method play a pivotal role. The convergence of the proposed hierarchical algorithm is investigated to ensure the optimality. In addition, this paper combines the proposed hierarchical algorithm with the moving horizon method to handle the case of EVs random arrival and departure based on the convenience and preferences of the owners. Through numerical simulations, we show that our algorithm achieves desirable performance.
Further work can be carried out in the following areas: analyzing the convergence rate of the proposed algorithms, enlarging the population of EVs in energy consumption areas, optimization for the power load with multiple energy consumption areas, and considering more human social characteristics in the CPSS framework. GANGFENG YAN received the bachelor's and master's degree in control theory and control engineering from Zhejiang University, China, in 1981 and 1984, respectively. He is currently a Professor with the College of Electrical Engineering, Zhejiang University, China. His research interests include hybrid systems, neural networks, and cooperative control. VOLUME 7, 2019 
